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Background: Retinal ganglion cell (RGC) loss is one of the earliest and most important cellular changes in glaucoma.
The DARC (Detection of Apoptosing Retinal Cells) technology enables in vivo real-time non-invasive imaging of single
apoptosing retinal cells in animal models of glaucoma and Alzheimer’s disease. To date, apoptosing RGCs imaged using
DARC have been counted manually. This is time-consuming, labour-intensive, vulnerable to bias, and has considerable
inter- and intra-operator variability.
Results: A semi-automated algorithm was developed which enabled automated identification of apoptosing
RGCs labeled with fluorescent Annexin-5 on DARC images. Automated analysis included a pre-processing stage
involving local-luminance and local-contrast “gain control”, a “blob analysis” step to differentiate between cells,
vessels and noise, and a method to exclude non-cell structures using specific combined ‘size’ and ‘aspect’ ratio
criteria. Apoptosing retinal cells were counted by 3 masked operators, generating ‘Gold-standard’ mean manual
cell counts, and were also counted using the newly developed automated algorithm. Comparison between automated
cell counts and the mean manual cell counts on 66 DARC images showed significant correlation between the two
methods (Pearson’s correlation coefficient 0.978 (p < 0.001), R Squared = 0.956. The Intraclass correlation coefficient
was 0.986 (95% CI 0.977-0.991, p < 0.001), and Cronbach’s alpha measure of consistency = 0.986, confirming excellent
correlation and consistency. No significant difference (p = 0.922, 95% CI: −5.53 to 6.10) was detected between the cell
counts of the two methods.
Conclusions: The novel automated algorithm enabled accurate quantification of apoptosing RGCs that is highly
comparable to manual counting, and appears to minimise operator-bias, whilst being both fast and reproducible.
This may prove to be a valuable method of quantifying apoptosing retinal cells, with particular relevance to translation
in the clinic, where a Phase I clinical trial of DARC in glaucoma patients is due to start shortly.
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Glaucoma is a chronic degenerative optic neuropathy that
results in irreversible loss of retinal ganglion cells (RGC;
the neurons that relay information from the retina to the
cortex). RGC loss, coupled with degeneration of the RGC
axons, results in optic disc “cupping” and a progressive
visual field loss that is characteristic of glaucoma [1]. In
glaucoma, most RGC loss occurs through the process of* Correspondence: m.cordeiro@ucl.ac.uk
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unless otherwise stated.apoptosis (programmed cell death) [2]. Apoptosis has a
central role in several other neurodegenerative diseases
[3-5], as well as glaucoma, with evidence that the targeting
of pro-apoptotic activity may be neuroprotective against
Neurodegeneration [3-10].
Glaucoma is often diagnosed late in the course of the
disease using the gold standard method of perimetry,
since visual field defects are not detected until up to
40% of RGCs have been lost [11]. However, since timely
intervention can halt (but not reverse) glaucomatous
progression, much recent research has focused on iden-
tifying early diagnostic markers of glaucoma. RGC apop-
tosis has been shown to be one of the initial pathologicaltd. This is an Open Access article distributed under the terms of the Creative
ommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and
iginal work is properly credited. The Creative Commons Public Domain
g/publicdomain/zero/1.0/) applies to the data made available in this article,
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cilitate early diagnosis and management of this condition.
One of the first events in apoptosis is externalisation of
phosphatidylserine (a membrane phospholipid) from the
inner to the outer leaflet of the cell membrane. Annexin V
is a protein with a high affinity to exposed phosphatidyl-
serine [14]. Imaging of radiolabeled Annexin V therefore
enables detection of apoptotic cells. Clinical studies have
utilized Technetium-99 m radiolabeled Annexin V for the
non-invasive detection and serial imaging of apoptosis in
various clinical settings, such as acute myocardial ischemia
[15], cardiac allograft rejection [16], breast cancer [17] and
anti-cancer treatment induced apoptosis [18,19].
Recently, our laboratory has developed a technique by
which Annexin V is labeled with a fluorescent marker,
which is subsequently intravitreally administered [12]. A
488 nm wavelength argon laser is used to excite the admin-
istered annexin V-bound fluorophore, and a photodetector
system with a 521-nm cut-off filter enables detection of the
fluorescence light emission. The fluorescent retinas are im-
aged with Confocal laser scanning ophthalmoscopy. This
novel technology has enabled the non-invasive in vivo real-
time visualisation of single retinal cells undergoing apop-
tosis, and has been given the acronym DARC (Detection of
Apoptosing Retinal Cells). [12] DARC has been used in
animal models of glaucoma [20] and Alzheimer’s disease
[21], highlighting the role of apoptosis in the early stages of
both diseases. It has also been studied in the evaluation of
neuroprotective strategies in animal models of glaucoma,
such as glutamate modulation [22], amyloid-beta targeting
therapy [23] and topical Coenzyme Q10 [23,7].
To date, quantitative assessment of RGC apoptosis has
been a manual process. The number of apoptosing RGC’s is
counted by one or more persons using software such as Ima-
geJ® [24]. Such manual assessment procedures have several
disadvantages related to the precision and accuracy of cell
counts. In terms of precision, manual quantification involves
subjective judgment increasing operator-dependency -Figure 1 Images A, B & C are examples of DARC images before undeespecially when images are of low quality – potentially lead-
ing to substantial intra- and inter-operator variability. In
terms of accuracy, if the operator is not blinded then this
technique is potentially vulnerable to bias. Furthermore
manual quantification is time-consuming and labour-
intensive – especially if more than one individual is needed
to maximise precision and accuracy – rendering the analysis
of a large number of images challenging.
In this study, a semi-automated technique has been devel-
oped for the quantification of apoptosing retinal cells on
DARC images. A total of 66 DARC images were analysed by
a novel automated algorithm and by 3 human operators. The
total cell counts of the automated algorithm were compared
to the mean cell counts of three human operators. The auto-
mated algorithm was found to minimise operator-dependency
while providing fast, accurate, and reproducible cell-counts.
Methods
DARC images
DARC images were randomly selected from a database of
approximately 3000 DARC images of rat eyes, which had ei-
ther undergone surgically-induced intraocular pressure (IOP)
elevation or had been exposed to neurotoxic substances or
various treatments, at different time points. Images were cap-
tured as described in previous publications [12,21,20] and
operators were blinded to the type of insult which the eyes
had undergone. The quality of images spanned a wide range
in order to investigate the robustness of the technique. Fig-
ure 1 below represents examples of the variation in quality of
the DARC images. Note that apoptosing retinal cells, imaged
using a confocal laser scanning ophthalmoscope, appear as
‘white spots’ on the retina as previously described [12,20].
Cropping and re-sizing of DARC images pre-analysis
DARC images were cropped to remove descriptive text at
the bottom and to eliminate peripheral noise. They were
then re-sized to 600 pixels square using the bilinear
interpolation algorithm built into the “image resize” functionrgoing manual or automated cell labeling.
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order to reduce image-processing time and we see no sys-
tematic influence of this level of down-sampling on process-
ing of a random sample of the images tested.
Manual analysis
Manual image analysis was performed by three blinded
operators using ImageJ® (National Institutes of Mental
Health, USA) [24]. The ImageJ ‘multi-point’ tool was
used to label each structure in the image classed as an
apoptosing cell. As each cell is labeled it is assigned a
unique number enabling manual quantification of the
total number of visible single apoptosing retinal cells an
example of a manually labeled DARC image is shown.
Automated analysis
The Matlab® (Mathworks Ltd) programming environment
was used to develop a program for labeling and counting
apoptosing retinal cells in DARC images. The stages of
the semi-automated analysis performed by the program
are described below. Of note, it is possible to automate
the cropping and re-sizing of images by adding these func-
tions to the Matlab script. This will enable the image ana-
lysis to be fully automated.
Stage 1: Pre-processing
A single DARC image can contain wide fluctuations in
mean luminance and contrast levels within a given image-
region, which can interfere with subsequent thresholding
and spatial filtering. To counteract this local luminance
and contrast, structure was “flattened” within each image.
Specifically, the mean and standard deviation of the grey
levels in the locale of a given pixel are computed and
used to effectively convert the pixel grey-level into a local
z-score. To compute statistics within a locale we used
convolution with Gaussian spatial filters, i.e. the localFigure 2 The effects of pre-processing illustrated on a DARC image. (
(C) A pre-processed version of (A) (corrected for local variation in luminanc
(B) and note presence of additional image structure in (D).mean luminance of a pixel and its locale is simply a
Gaussian blurred version of the original:
μ ¼ Gs⊗I ð1Þ
where I is the source image and Gs is a two-dimensional
Gaussian filter (standard deviation, s). Similarly, the
Gaussian-weighted standard deviation can be computed
as follows:
σ ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Gs⊗I2−μ2
q
ð2Þ
so that the final pre-processed image is then:
Z ¼ Gs−μ
σ
ð3Þ
The resultant Z is then processed with a conven-
tional Laplacian-of-Gaussian (Δ2Gt) spatial- frequency
band-pass filter (with standard deviation, u) to high-
light high-energy isotropic image-structure. The oper-
ation of such a filter on DARC images that have and
have not been pre-processed is illustrated in Figure 2A-D
below.
Figure 2A is the original image and 2B the result of fil-
tering it with the Δ2Gt filter. Note the weak (low-con-
trast) filter-responses in the lower left portion of the
image in 2B. Figure 2C shows the pre-processed version
of Figure 2A (generated with Eqs 1–3); note the uniform-
ity of luminance and contrast structure therein. Figure 2D
is a Laplacian-filtered version of the pre-processed image
(Figure 2C). Note that the filter response is now much
more spatially uniform than in 2B. The candidate vascula-
ture and cell-structure is now visible across the whole
image, and will remain so after global thresholding used
to isolate discrete image structure. The parameters used
to pre-process the 600 pixel square source images were:
s = 64 pixels, u = 1.5 pixels.A) A raw DARC image. (B) The same image filtered with a Δ2Gt filter
e structure). (D) A Laplacian filtered version of (C). Compare (D) to
Figure 3 An illustration of the DARC image shown in Figure 2d
after undergoing thresholding and a novel ‘blob analysis’ stage
to classify blobs as cells (red), vessels (green) or noise (blue).
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To identify image structure as cells we first apply image-
thresholding to the filtered images; this simply sets all
grey levels falling too near to the mean grey level of the
whole image, to zero. The threshold (T) was fixed atFigure 4 Flowchart summarizing the protocol followed for the manua1.8 × the standard deviation of the image grey-level, which
generally gives good subjective delineation of cell and vessel
structure in the image. We then employed “blob-analysis”
(using the regionprops routine in MatLab®) on the isolated
regions that resulted from thresholding. This yields various
features of each blob including the length along major
(Lmaj) and minor (Lmin) axes length, its area (A) and the lo-
cation of its centroid ([Cx,Cy]). We next perform categorisa-
tion of image structure based on these estimates. In
Figure 3, blobs have been categorized as cells (red), vessels
(green) or noise (blue), based on the following criteria:
For noise : A < Amin; for vessels : Lmaj=Lmin
 
> Aspectmin;
and all other blobs are classed as cells.
Pilot studies were performed to maximize agreement
between the automated and manual cell counts (n.b. the
inclusion of this stage is why we refer to the technique as
‘semi-automated’ rather than fully automated). Setting Amin
(minimum area - in square pixels- for a blob to be a candi-
date cell) to 9.0 and Aspectmin (the minimum aspect ratio for
a blob to be a candidate blood vessel) to 3.0 yielded total cell
counts which best corresponded with mean manual cell
count of three inexperienced and masked operators, and was
therefore chosen and fixed for automated quantification. This
is an important step as altering these parameters results in
different classification of blobs. This is particularly true for
the Amin parameter, as this determines the minimum cut-off
size for a blob to be classified as a cell rather than noise. The
pilot studies enabled the five Matlab algorithm script parame-
ters (s, u, T, Amin and Aspectmin) to be fixed at the point of
image analysis, enabling fully automated analysis by a single
operator.l and automated analysis of the DARC images.
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For the purpose of this study, 66 post-insult images were
picked randomly from this database with two exclusion
criteria: the presence of “white” vessels (thought to be aris-
ing from Annexin 5 binding to the vascular endothelium)
and insufficient image-quality to support manual cell iden-
tification. These images were analyzed using both manual
and automated techniques, and this sample-size selected to
reflect limits on the operator time available for manual
counting. The study protocol is summarized in the flow
chart (Figure 4).
As the automated algorithm parameters were fixed,
only one operator was needed to perform the automated
image analysis.
Statistical methods
Pearson’s R, Intraclass correlation coefficient (ICC) and
Cronbach’s Alpha Reliability Coefficient were used to test the
correlation, consistency and reliability between manual andFigure 5 Example of a DARC image before and after undergoing man
image before undergoing labeling. Image B represents the same DARC im
selections’ tool, which marks and numbers each selected spot on the image.
cell labeling using the novel Matlab® script. In Image C, structures identified a
been labeled in red.automated cell counts. We used Bland-Altman plots to as-
sess the level of agreement between the gold standard (mean
manual) cell count and the automated cell count. The paired
samples t-test was used to test for a statistically significant
difference between manual and automated cell counts.
Results
Duration of image analysis
Manual labeling of the cells on an image by a single op-
erator to obtain a total cell count took an average of
3 min ± 2 min (Mean ± 1.96 Standard Deviation). In
contrast, generating a labeled image and a total cell
count with the automated algorithm took an average of
9 sec ± 2 sec. As all the Matlab script parameters were
fixed, the script was only run once on each image.
Examples of automated labeling
Figure 5 below illustrates a DARC image before and
after undergoing manual and automated labeling:ual and automated labeling. Image A represents a cropped DARC
age after undergoing manual labeling using ImageJ® ‘multi-point
Image C represents the same DARC image after undergoing automated
s ‘cells’ have been labeled in green, whilst ‘non-cellular’ structures have
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‘multi-point selections’ tool enables the marking and
numbering of each spot on the DARC image (Image Ib).
Image Ic represents the same DARC image after undergo-
ing automated cell labeling using the novel Matlab® script.
In Image Ic, structures identified by novel Matlab® script
as ‘cells’ have been labeled in green, whilst ‘non-cellular’
structures have been labeled in red. The script automatic-
ally calculates the total number of spots identified as cells.
Mean manual cell counts vs automated cell counts analysis
Pearson’s correlation coefficient for the mean manual cell
counts and the automated cell counts was 0.978, p < 0.001
(two-tailed significance). The R squared, as illustrated in
Figure 6, was 0.956. The Intraclass correlation coefficient
was 0.986 (95% CI 0.977-0.991, p < 0.001). Cronbach’s alpha
measure of consistency was 0.986. These results indicate a
highly significant correlation and consistency between the
mean manual cell counts and the automated cell counts.
In 36 (54.5%) of 66 DARC images, the automated cell
count was higher than the mean manual cell count. The
mean manual cell count for the 66 DARC images was
125.7 cells, whereas the mean automated cell count was
126.0 cells. The mean automated cell count was therefore
0.23% higher than the mean manual cell count. There was
no significant difference between the mean manual and
automated cell counts (p = 0.922, 95% CI −5.53 to 6.10).Figure 6 Correlation between the Mean Manual Cell Counts and the A
line is the best-fit line, and the adjacent dotted lines represent the 95% coA Bland-Altman ‘percent difference’ plot was con-
structed as recommended for method comparison stud-
ies in which agreement is to be assessed for a wide
measurements range [25,26]. As shown in Figure 7,
there was strong agreement between the two methods,
with 64 (97%) of 66 images cell counts lying within the
95% limits of agreement. The two images lying beyond
1.96 SD from the mean (normally referred to as 95%
limits of agreement) are discussed in the next section.
There was a tendency for the automated algorithm to
underestimate the cell count in DARC images with high
cell numbers (>200 cells). As shown in Figure 7, the
ratio of the difference of the automated cell counts from
the mean manual cell counts was within 1.96 standard
deviations of the mean difference for all >200 cell
counts. This indicates that the extent of undercounting
was minimal. A larger sample size of DARC images with
>200 cell counts is needed to assess for a statistically
significant difference in automated and mean manual
cell counts.
Cell count differences beyond the 95% limits of agreement
Figure 8 represents a DARC image in which the auto-
mated cell count was higher than the mean manual cell
count. The image contained non-cellular fluorescent
structure (pink arrow) which represents injection artifact,
as well as a dark blob (blue arrow) which represents eitherutomated Cell Counts of the 66 DARC images. The continuous
nfidence intervals.
Figure 8 The first DARC image with cell count differences beyond
the 95% limits of agreement.
Figure 7 Bland-Altman Plot of Percent Difference of Automated Cell Counts from Mean Manual Cell Counts.
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orrhage. The apoptosing cells in the image exhibited poor
fluorescence, making manual cell identification challen-
ging. This is reflected by the large inter-operator variation:
The difference between the manual cell counts of operator
1 and operator 2, operator 1 and operator 3, and operator
2 and operator 3 were 32 cells, 41 cells and 9 cells respect-
ively. The mean manual cell count was 29 cells (highest
manual cell count = 53 cells), whereas the automated cell
count was 73 cells. The higher automated cell count may
be due to higher sensitivity of the automated method. On
the other hand, the ‘granular’ nature of the retinal back-
ground may have resulted in false positive detection of
cells.
In Figure 9, the cells were very poorly fluorescent,
making accurate labeling by an operator difficult. The
cell counts for operators 1, 2 and 3 were 21 cells, 0 cells
and 7 cells respectively. Hence, while the cell count of
operator 1 (=21 cells) was close to the automated cell
count (=19 cells), operator 2 did not judge any of the
structures to be fluorescent labeled cells. Arguably, such
an image with poorly fluorescent cells should not be
used to judge the extent of apoptosis, as the manual ana-
lysis results are variable and contentious. The higher cell
count acquired by the automated technique may be due
to higher sensitivity in detecting poorly fluorescent cells,
or due to detection of structures which in reality would
be not judged as cells because they are not strongly
fluorescent. In the presence of such wide variation in
manual labeling results, confirmation of the true pres-
ence of fluorescent cells is only possible with histological
analysis.Undercounted DARC images
Figure 10 shows examples of a DARC image with >200
apoptosing RGCs in which cells were undercounted by
the automated algorithm.
Green labeled spots on Figure 10B represent spots
which were labeled and counted as ‘cells’ by the algo-
rithm. Pink spots represent spots labeled as non-cellular
structure and therefore not counted as cells by the algo-
rithm. The white circle on the image shows examples of
noise correctly identified as such by the algorithm
Figure 11 Example of a cropped and magnified section of a
DARC image before (A) and after (B) undergoing automated
labeling.
Figure 9 The second DARC image with cell count differences
beyond the 95% limits of agreement.
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shows spots which should be labeled as cells, but the al-
gorithm in this case has labeled as non-cellular structure
(labeled in pink). This is due to the small size and low
luminance of these spots. Another example is shown in
Figure 11.
Figure 11 demonstrates how difficult it can be to dis-
tinguish background noise from apoptosing retinal cellsFigure 10 Example of a cropped and magnified section of a
DARC before (A) and after (B) undergoing automated labeling.
Structures identified by the automated algorithm as cells are shown
as green spots, whereas spots identified by the algorithm as non-
cellular structures are shown as pink spots.(see in particular inside the white dashed circle). The
yellow arrows point towards examples of pink spots
which were likely to be labeled as cells by the operators.
Once again, the small size and low fluorescence of these
spots prevented labeling by the algorithm, but also
served to prevent mislabeling of noise as cells. Another
reason why RGC spots were undercounted by the algo-
rithm was due to the shape of the spots, as shown in
Figure 12.
The yellow circle contains spots labeled as non-
cellular structure (in pink) by the algorithm, which
should have been labeled as RGC spots (in green). This
is due the elongated non-circular shape of the spots on
the image (resulting from image aberration), whichFigure 12 Example of a cropped and magnified section of a
DARC before (A) and after (B) undergoing automated labeling.
Table 2 Bland Altman test of agreement results between
automated cell counts and each individual operator’s cell
counts, as well as inter-operator agreement
Agreement - Bland Altman test
Cell count pair Bias Upper 95% Lower 95%
Operators Mean & Automated 5.60% 52.40% −41.30%
Operator 1 & Automated −17.30% 31.90% −66.50%
Operator 2 & Automated 16.40% 110.80% −77.90%
Operator 3 & Automated 34.40% 121.70% −53.00%
Operator 1 & Operator 2 31.20% 64.90% −127.30%
Operator 1 & Operator 3 −48.90% 43.30% −141.10%
Operator 2 & Operator 3 −17.90% 72.70% −108.60%
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(see ‘Methods’ section).
Analysis of individual manual operator cell counts vs
automated cell counts
As shown in Table 1, there is a highly significant Pearson
correlation (p < 0.001) between the manual cell counts
measured by all three operators, as well as between
the automated cell count and each operator’s manual
cell count.
Within all three manual cell counts and the automated
cell counts, the Intraclass correlation coefficient is 0.994
(p < 0.001, 95% CI 0.991 – 0.996). Cronbach’s alpha meas-
ure of consistency was 0.986 for operator 1 and automated
cell counts, 0.983 for operator 2 and automated cell
counts, 0.980 for operator 3 and automated cell counts
and 0.986 for the mean manual (all three operators) cell
count and automated cell count. The automated cell count
was within 1.96 standard deviations from the manual cell
counts of operators 1, 2 and 3 in 61 (92.4%), 62 (93.9%)
and 63 (95.5%) images analysed respectively. Overall, there
was no significant difference between the three operators’
cell counts (ANOVA, p = 0.319). Table 2 below illustrates
the strength of agreement between the automated and the
manual counts, as well as the inter-operator agreement.
The inter-operator 95% limits of agreement were wider
than those between the mean manual and automated cell
counts, indicating wider inter-operator variability. The 66
DARC images contained an average of 126 cells each.
Applying the average discrepancy (bias) of 5.6% between
methods, this would result in automated cell count differ-
ence of 7 cells, which is not clinically important.
Discussion
Cell counting has numerous applications in the field of
biological imaging [27-30]. Although manual countingTable 1 Statistical analysis of the automated cell count
and the individual operator cell counts
Paired samples correlations
Cell count pair Mean cell
count difference
Pearson
R
R2
value
Sig. (two-tailed)
Operator 1 &
Automated
13.4 0.974 0.949 0.001
Operator 2 &
Automated
0.5 0.976 0.953 0.001
Operator 3 &
Automated
−14.7 0.967 0.936 0.001
Operator 1 &
Operator 2
12.9 0.984 0.969 0.001
Operator 1 &
Operator 3
28.1 0.977 0.955 0.001
Operator 2 &
Operator 3
15.2 0.992 0.983 0.001by an experienced cell biologist remains the gold stand-
ard, this process is time-consuming, monotonous, non-
reproducible and subject to bias. The procedure pro-
posed here counts cells in DARC images of variable
quality to a level of confidence that is comparable to the
gold-standard manual method. This technique has the
advantages of being fast, accurate, reproducible and
non-labour intensive. Fixing the algorithm parameters
before image analysis enabled a non-biased objective
quantification of cells that minimises cell count variabil-
ity arising from inter-observer variability.
Various methods have been developed for automated
retinal image analysis [31-34]. Fluorescence images
present specific challenges for the development of auto-
mated methods of cell counting, particularly the prob-
lem of background noise being mislabeled as cells [35].
Distinguishing fluorescent particles from background
noise and mild non-specific staining is therefore a cru-
cial step in the development of algorithms enabling au-
tomated labeling and counting of fluorescent cells [28].
Increasing the image-thresholding level (without prepro-
cessing) minimizes the impact of noise on cell-counts
but results in more fluorescent cells being missed. The
pre-processing stage of our algorithm minimises the im-
pact of noise on local image statistics (such as local
mean luminance and contrast) allowing us to use lower
thresholds and so detect more cells without mislabeling
noise.
Fluorescent cells may present as circular regions con-
taining relatively uniform luminance structure, or may
be more non-uniform in terms of shape and luminance
[35]. Non-uniform cell shape is a common problem in
2D histological sections of 3D specimens, in which cells
may be partially present or damaged due to the section-
ing process [34]. Uneven luminance commonly occurs
due to uneven fluorescent staining [36,37], and the
image acquisition process [38]. The latter may also result
in local contrast variability, also impeding the accuracy of
automated analysis [39]. In the context of fluorescence
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meration algorithms relying on cell-shape and luminance
[40,41]. To surpass these challenges, Byun et al. [37] used
Laplacian-of-Gaussian filtering followed by searching for
local maxima using cell size and distance between cells for
the detection of cell nuclei in immunofluorescent retinal
images acquired by confocal microscopy. In comparison
to manual counting, their automated technique counted
outer nuclei layer (ONL) nuclei with an average error of
3.67% (0–6.07%) and inner nuclear layer (INL) nuclei with
an average error of 8.55% (0–13.76%). Accuracy of the
technique was compromised in the INL due to variability
in nuclei size and shape [37]. Large variability in cell
size may indeed limit the accuracy of automated cell
enumeration. Our algorithm utilizes a minimum cell
size parameter rather than the mean or median cell size
for categorization of cells after image pre-processing
and thresholding. This has the advantage of maximizing
detection of various size cells, (see Figure 1 in ‘Methods’
as an example) yet minimizing detection of noise and any
other smaller background structures. This may be prob-
lematic in images containing small cells similar in size to
background noise, which is why pre-processing is a crucial
step for minimizing error in such images. It is possible to
add a ‘maximum’ cell size cut-off to our algorithm, but this
was not required for DARC images.
Even in normal ‘non-fluorescein’ images, the presence
of noise, fluctuating luminance and non-regular cell
structure is a recognized barrier to automated retinal
image analysis [31,33,42,43]. The algorithm presented
here utilized image pre-processing, thresholding and
blob analysis to enable detection of non-uniform and ir-
regular fluorescent apoptosing retinal cells from noise,
and other non-cellular structures (such as parts of blood
vessels). We suggest that our algorithm may be more
widely applicable to cell labeling problems in both ret-
inal and other biological images with poor image quality
and various shaped structures (e.g. elongated structures
such blood vessels or nerves), but this is yet to be tested.
There are no studies we can find which have devel-
oped automated techniques for labeling and counting of
single apoptosing retinal cells. This limits the compar-
ability of our automated cell detection method to other
methods. Barnett et al. have utilized a cell penetrating
fluorescent peptide probe (TcapQ) in an in vivo rat
model of glaucoma to image single apoptosing RGCs by
ex vivo fluorescence imaging [44]. Counting of the apop-
tosing retinal cells was computer-assisted; the authors
state that quantification of RGCs was performed by
Scion image analysis software (Scion Corp), and that an
experienced observer (who was blinded to the proced-
ure) performed the counting process. The quantification
of RGCs was therefore operator-dependent and not
comparable to our automated algorithm. More recently,Qiu X et al. used a confocal scanning laser ophthalmo-
scope (CSLO) to enable in vivo fluorescence imaging of
activated apoptosing RGCs displaying TcapQ probe acti-
vation [45]. Strong fluorescent cell-specific signals were
observed with in vivo imaging in the RGC layer of eyes
of living rats pre-treated with NMDA followed by
TcapQ488. Image analysis was performed manually; cell
signals were counted by a human operator using ImageJ
software. The authors performed automated cell count-
ing in a ‘subset’ of animals using “Find Maxima” in Ima-
geJ to confirm manual counting. Noise tolerance level
was pre-set, while edge and center (optic disc) maxima
were excluded from the analysis field. Once again, an
accurate and efficient automated method of cell quantifi-
cation would be of great use in such studies. The evolv-
ing ability to image single apoptosing retinal cells in vivo
and the potential of this technology to be used in
humans in the future highlights the need for an accurate
method of quantifying apoptosing RGCs that is not
operator-dependent.
A weakness of the algorithm is that the automated cell
counts tended to be lower than the mean manual cell
counts for DARC images with RGC counts of >200 cells.
Although these cell counts were within 1.96 SD from
the mean difference as shown on Figure 7. The two prin-
cipal factors for RGC spots being mislabeled as non-
cellular structures were 1) Elongated non-circular RGC
spots (due to image aberration), and 2) small and low lu-
minance spots. For the former, the algorithm could be
equipped with a function in which the operator adjusts
the minimum aspect ratio for DARC images in which
image acquisition has resulted in RGC spots appearing
elongated. This has not been tested in this study. As for
small and low luminance spots, reducing the cell size
cut-off or lowering the luminance threshold may result
in more noise being mislabeled as cells. Furthermore,
pink spots which have been labeled as cells by operators
in Figures 10 and 11 are not clear-cut apoptosing RGC
spots, and may be argued to be noise rather than apop-
tosing cells. It is important to note that overall, the aver-
age automated cell count discrepancy was 5.6% higher
than the mean manual cell count. The pattern of lower
total cell counts obtained by the automated algorithm in
images with >200 cells may be due to inadequately sized
sample (14 out of 66 DARC images contained >200 cells
as per mean manual count). A future comparative study
of DARC images with >200 cells will shed more light on
this. As DARC is a fairly new technology and still experi-
mental, it is still not established whether such small low
luminance spots are cellular or non-cellular. Arguably,
only clear-cut RGC spots should be labeled and counted
by manual or automated methods to minimize bias. As
DARC imaging improves, visualization of small apoptos-
ing RGC will become easier. Furthermore, if this
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due to start soon), apoptosing RGC’s should be larger
and easier to identify.
A further weakness of our study is our assumption of
the three operators’ mean cell count as a gold-standard
apoptosing cell count. In reality, even an experienced
operator cannot be assumed to be able to label and
count apoptosing retinal cells in DARC images with
100% accuracy, and this method is subjective. The oper-
ator needs to be able to distinguish positive-labeled cells,
which may be difficult due to the small size of apoptos-
ing retinal cells, the presence of non-specific staining,
and the ‘granular’ nature of the retinal background espe-
cially apparent in poor quality images. To eliminate any
subjective bias in the automated method, a pilot study
was performed to determine and preset the optimum
minimum cell size cut-off which could be applied to
DARC images of variable quality. Furthermore, our com-
parison of total cell counts may not be the sharpest instru-
ment for looking at relative strengths and weaknesses of
operators and algorithms. It is possible to use a more
“multi-local” analysis, looking at differences in corres-
pondence of assigned labels within a locale to provide a
more detailed comparison of manual and automated ana-
lysis techniques, and this is an approach we are currently
evaluating.Conclusion
The novel Matlab software script described in this study
enables fast, reproducible and non-operator dependent
semi-automated labeling and counting of apoptosing ret-
inal cells. The automated cell counts have significant
correlation and consistency with the gold-standard mean
manual cell counts, with no significant difference being
detected. The method utilises fixed parameters, thus en-
abling analysis by relatively inexperienced operators. If
image cropping and/or re-sizing is needed, it can be in-
corporated into the Matlab algorithm to make the image
analysis process fully automated. This automated tech-
nique may prove to be a valuable method of quantifying
apoptosing retinal cells, with particular relevance to
translation in the clinic, where a Phase I clinical trial of
DARC in glaucoma patients is due to start shortly.Availability of supporting data
The cell count results of the operators and the auto-
mated algorithm are available in the LabArchives repository,
[Dataset DOI:10.6070/H4HM56D2 and ‘https://mynotebook.
labarchives.com/share/Bizrah/MjAuOHwzNzM4Ny8xNi9Ucm
VlTm9kZS8zODcyMTExMDMyfDUyLjg’].
Competing interests
All authors declare that they have no competing interests.Authors’ contributions
MB designed the study, collected the data, performed data analysis and
interpretation, and wrote the manuscript. SCD wrote the automated
algorithm and helped write the manuscript. FR and MP performed manual
cell counting and helped design the study. LG, EN, SN generated the DARC
images used for analysis and helped design the study. BD and AY helped in
statistical data analysis and interpretation, and helped write the manuscript.
FC directed the study and helped write the manuscript draft. All authors
read and approved the final manuscript draft.
Acknowledgements
MB and FC were supported by the Wellcome Trust.
SCD is supported by the NIHR Biomedical Research Centre at Moorfields Eye
Hospital.
Author details
1Glaucoma and Retinal Neurodegeneration Group, UCL Institute of
Ophthalmology, London, UK. 2The Hillingdon Hospitals NHS Foundation
Trust and Western Eye Hospital, Imperial College Healthcare NHS Trust,
London, UK. 3Deparment of Visual Neuroscience, UCL Institute of
Ophthalmology, London, UK. 4NIHR Biomedical Research Centre at
Moorfields Eye Hospital, London, UK. 5Western Eye Hospital, Imperial College
Healthcare NHS Trust, London, UK. 6St George’s, University of London,
London, UK.
Received: 4 February 2014 Accepted: 14 May 2014
Published: 5 June 2014
References
1. Bagga H, Greenfield DS: Quantitative assessment of structural damage in
eyes with localized visual field abnormalities. Am J Ophthalmol 2004,
137(5):797–805.
2. Quigley HA, Nickells RW, Kerrigan LA, Pease ME, Thibault DJ, Zack DJ:
Retinal ganglion cell death in experimental glaucoma and after axotomy
occurs by apoptosis. Invest Ophthalmol Vis Sci 1995, 36(5):774–786.
3. Bizrah MG, Guo L, Cordeiro MF: Glaucoma and Alzheimer’s disease in the
elderly. Aging Health 2011, 7(5):719–733.
4. Friedlander RM: Apoptosis and caspases in neurodegenerative diseases.
N Engl J Med 2003, 348(14):1365–1375.
5. Berry MD, Boulton AA: Apoptosis and human neurodegenerative
diseases. Prog Neuropsychopharmacol Biol Psychiatry 2003, 27(2):197–198.
6. Baltmr A, Duggan J, Nizari S, Salt TE, Cordeiro MF: Neuroprotection in
glaucoma - is there a future role? Exp Eye Res 2010, 91(5):554–566.
7. Guo L, Cordeiro MF: Assessment of neuroprotection in the retina with
DARC. Prog Brain Res 2008, 173:437–450.
8. Ahmed Z, Kalinski H, Berry M, Almasieh M, Ashush H, Slager N, Brafman A,
Spivak I, Prasad N, Mett I, Shalom E, Alpert E, Di Polo A, Feinstein E, Logan
A: Ocular neuroprotection by siRNA targeting caspase-2. Cell Death Dis
2011, 2:e173.
9. Waldmeier PC: Prospects for antiapoptotic drug therapy of
neurodegenerative diseases. Prog Neuropsychopharmacol Biol Psychiatry
2003, 27(2):303–321.
10. Vila M, Przedborski S: Targeting programmed cell death in
neurodegenerative diseases. Nat Rev Neurosci 2003, 4(5):365–375.
11. Quigley HA, Dunkelberger GR, Green WR: Retinal ganglion cell atrophy
correlated with automated perimetry in human eyes with glaucoma.
Am J Ophthalmol 1989, 107(5):453–464.
12. Cordeiro MF, Guo L, Luong V, Harding G, Wang W, Jones HE, Moss SE, Sillito
AM, Fitzke FW: Real-time imaging of single nerve cell apoptosis in retinal
neurodegeneration. Proc Natl Acad Sci U S A 2004, 101(36):13352–13356.
13. Naskar R, Wissing M, Thanos S: Detection of early neuron degeneration
and accompanying microglial responses in the retina of a rat model of
glaucoma. Invest Ophthalmol Vis Sci 2002, 43(9):2962–2968.
14. Blankenberg FG, Katsikis PD, Tait JF, Davis RE, Naumovski L, Ohtsuki K,
Kopiwoda S, Abrams MJ, Darkes M, Robbins RC, Maecker HT, Strauss HW:
In vivo detection and imaging of phosphatidylserine expression during
programmed cell death. Proc Natl Acad Sci U S A 1998, 95(11):6349–6354.
15. Flotats A, Carrio I: Non-invasive in vivo imaging of myocardial apoptosis
and necrosis. Eur J Nucl Med Mol Imaging 2003, 30(4):615–630.
16. Narula J, Acio ER, Narula N, Samuels LE, Fyfe B, Wood D, Fitzpatrick JM,
Raghunath PN, Tomaszewski JE, Kelly C, Steinmetz N, Green A, Tait JF,
Bizrah et al. BMC Bioinformatics 2014, 15:169 Page 12 of 12
http://www.biomedcentral.com/1471-2105/15/169Leppo J, Blankenberg FG, Jain D, Strauss HW: Annexin-V imaging for
noninvasive detection of cardiac allograft rejection. Nat Med 2001,
7(12):1347–1352.
17. Yang DJ, Azhdarinia A, Wu P, Yu DF, Tansey W, Kalimi SK, Kim EE, Podoloff
DA: In vivo and in vitro measurement of apoptosis in breast cancer cells
using 99mTc-EC-annexin V. Cancer Biother Radiopharm 2001, 16(1):73–83.
18. Kartachova M, Haas RL, Olmos RA, Hoebers FJ, van Zandwijk N, Verheij M:
In vivo imaging of apoptosis by 99mTc-Annexin V scintigraphy: visual
analysis in relation to treatment response. Radiother Oncol 2004,
72(3):333–339.
19. Haas RL, de Jong D, Valdes Olmos RA, Hoefnagel CA, van den Heuvel I,
Zerp SF, Bartelink H, Verheij M: In vivo imaging of radiation-induced
apoptosis in follicular lymphoma patients. Int J Radiat Oncol Biol Phys
2004, 59(3):782–787.
20. Cordeiro MF, Migdal C, Bloom P, Fitzke FW, Moss SE: Imaging apoptosis in
the eye. Eye (Lond) 2011, 25(5):545–553.
21. Cordeiro MF, Guo L, Coxon KM, Duggan J, Nizari S, Normando EM, Sensi SL,
Sillito AM, Fitzke FW, Salt TE, Moss SE: Imaging multiple phases of
neurodegeneration: a novel approach to assessing cell death in vivo.
Cell Death Dis 2010, 1:e3.
22. Guo L, Salt TE, Maass A, Luong V, Moss SE, Fitzke FW, Cordeiro MF:
Assessment of neuroprotective effects of glutamate modulation on
glaucoma-related retinal ganglion cell apoptosis in vivo. Invest
Ophthalmol Vis Sci 2006, 47(2):626–633.
23. Cordeiro MF, Guo L, Cheung W, Wood N, Salt TE: Topical CoQ10 Is
Neuroprotective in Experimental Glaucoma. Fort Lauderdale, Florida, USA:
ARVO; 2007.
24. ImageJ. http://imagej.nih.gov/ij/.
25. Bland JM, Altman DG: Measuring agreement in method comparison
studies. Stat Methods Med Res 1999, 8(2):135–160.
26. Dewitte K, Fierens C, Stockl D, Thienpont LM: Application of the Bland-
Altman plot for interpretation of method-comparison studies: a critical
investigation of its practice. Clin Chem 2002, 48(5):799–801. author reply
801–792.
27. Alyassin MA, Moon S, Keles HO, Manzur F, Lin RL, Haeggstrom E, Kuritzkes
DR, Demirci U: Rapid automated cell quantification on HIV microfluidic
devices. Lab Chip 2009, 9(23):3364–3369.
28. Biggerstaff J, Weidow B, Amirkhosravi A, Francis JL: Enumeration of
leukocyte infiltration in solid tumors by confocal laser scanning
microscopy. BMC Immunol 2006, 7:16.
29. Bandekar N, Wong A, Clausi D, Gorbet M: A novel approach to automated
cell counting for studying human corneal epithelial cells. Conf Proc IEEE
Eng Med Biol Soc 2011, 2011:5997–6000.
30. Peng H: Bioimage informatics: a new area of engineering biology.
Bioinformatics 2008, 24(17):1827–1836.
31. Li H, Chutatape O: Automated feature extraction in color retinal images
by a model based approach. IEEE Trans Biomed Eng 2004, 51(2):246–254.
32. Grisan E, Giani A, Ceseracciu E, Ruggeri A: Model-Based Illumination
Correction in Retinal Images. In Biomedical Imaging: Nano to Macro, 2006
3rd IEEE International Symposium on: 6–9 April 2006. 2006:984–987.
33. Sanchez CI, Garcia M, Mayo A, Lopez MI, Hornero R: Retinal image analysis
based on mixture models to detect hard exudates. Med Image Anal 2009,
13(4):650–658.
34. Al-Kofahi Y, Lassoued W, Lee W, Roysam B: Improved automatic detection
and segmentation of cell nuclei in histopathology images. IEEE Trans
Biomed Eng 2010, 57(4):841–852.
35. Xiong G, Zhou X, Degterev A, Ji L, Wong ST: Automated neurite labeling
and analysis in fluorescence microscopy images. Cytometry A 2006,
69(6):494–505.
36. Johansson AC, Visse E, Widegren B, Sjogren HO, Siesjo P: Computerized
image analysis as a tool to quantify infiltrating leukocytes: a comparison
between high- and low-magnification images. J Histochem Cytochem
2001, 49(9):1073–1079.
37. Byun J, Verardo MR, Sumengen B, Lewis GP, Manjunath BS, Fisher SK:
Automated tool for the detection of cell nuclei in digital microscopic
images: application to retinal images. Mol Vis 2006, 12:949–960.
38. Leahy C, O’Brien A, Dainty C: Illumination correction of retinal images
using Laplace interpolation. Appl Opt 2012, 51(35):8383–8389.
39. Foracchia M, Grisan E, Ruggeri A: Luminosity and contrast normalization
in retinal images. Med Image Anal 2005, 9(3):179–190.40. Hirneiss C, Schumann RG, Gruterich M, Welge-Luessen UC, Kampik A,
Neubauer AS: Endothelial cell density in donor corneas: a comparison of
automatic software programs with manual counting. Cornea 2007,
26(1):80–83.
41. Kachouie N, Kang L, Khademhosseini A: Arraycount, an algorithm for
automatic cell counting in microwell arrays. Biotechniques 2009,
47(3):x–xvi.
42. Akram MU, Tariq A, Nasir S: Retinal Images: Noise Segmentation. In
Multitopic Conference, 2008 INMIC 2008 IEEE International: 23–24 Dec. 2008.
2008:116–119.
43. Yao Y, Dongbo Z: Observation Model Based Retinal Fundus Image
Normalization and Enhancement. In Image and Signal Processing (CISP),
2011 4th International Congress on: 15–17 Oct. 2011. 2011:719–723.
44. Barnett EM, Zhang X, Maxwell D, Chang Q, Piwnica-Worms D: Single-cell
imaging of retinal ganglion cell apoptosis with a cell-penetrating,
activatable peptide probe in an in vivo glaucoma model. Proc Natl Acad
Sci U S A 2009, 106(23):9391–9396.
45. Qiu X, Johnson JR, Wilson BS, Gammon ST, Piwnica-Worms D, Barnett EM:
Single-cell resolution imaging of retinal ganglion cell apoptosis in vivo
using a cell-penetrating caspase-activatable peptide probe. PLoS One
2014, 9(2):e88855.
doi:10.1186/1471-2105-15-169
Cite this article as: Bizrah et al.: A semi-automated technique for
labeling and counting of apoptosing retinal cells. BMC Bioinformatics
2014 15:169.Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
